A vehicle-to-vehicle (V2V) cooperative trajectory-planning algorithm for connected vehicles driven on a winding road considering characteristics of human drivers is presented in this paper. The algorithm of cooperative game is introduced to plan collision-free trajectories for the involved encountering vehicles, with satisfaction of the safety requirements including vehicle stability and road-departure avoidance. The trajectory-planning algorithm is then converted to a Model Predictive Control (MPC) problem and solved with the concept of Pareto Optimality. The algorithm is compared with a V2V trajectory-planning algorithm with non-cooperative game. Simulations are conducted in the scenarios of lane-exchange on arc shaped roads with different radius to verify the proposed algorithm. Results show that the algorithm can accomplish the task of trajectory-planning on either winding road or straight road successfully, considering the driver's characteristics. The difference of collaboration tendency in V2V driving between using cooperative algorithm and non-cooperative algorithm is also studied and described.
I. INTRODUCTION
In recent decades, trajectory planning for automatic driving and semi-automatic driving has been studied intensively [1] , [2] . In practice, semi-automatic driving is more likely to be implemented and commercialized than fully automatic driving currently. In semi-automatic driving, steering shared control between automatic controller and the human driver is one of the mostly commonly employed methods [3] , [4] . In shared control, if the automatic controller can have some human-like features, the human driver will not feel weird, thus will be more likely to accept the maneuvers of the automatic control.
At present, some researchers have analyzed the characteristics of human driver [5] , [6] , and kinds of human driver models have already been presented [7] - [10] . These studies The associate editor coordinating the review of this manuscript and approving it for publication was Yue Cao. provide the possibility to design a human-like controller. In [11] - [14] , the human-like controllers were designed employing the driver model with single preview point. However, the single-preview-point driver model is effective only when the curvature of the road is not large. In [15] , Salvucci and Gray proposed a two-point preview visual control driver model, in which both near and far regions of the road are used for guidance during steering. Some researchers have studied and developed this kind of driver model [16] - [21] . The two-point preview driver model can be employed in steering control on winding road [17] , [18] , such as lane keeping [22] , [23] , lane tracking [10] , etc.
In daily road driving, there are many conditions with several vehicles being involved in, such as the conditions studied in [24] - [26] . In most of these researches, the problems were transferred into obstacle-avoiding driving problems of the ego vehicle, by regarding all the surrounding vehicles as obstacles. The ego vehicle evades the surrounding vehicles, VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ while the surrounding vehicles showing no collaboration. Actually, in real vehicle driving, the vehicles will evade each other in order to avoid a collision. Thus, the collaboration should be considered in the controller design for the vehicles involved in a multiple vehicles driving condition.
With the development of vehicle-to-vehicle (V2V) communications [27] , V2V interactions and collaborations become possible, thus the cooperative driving can be more safe and effective. In V2V collaborative driving, the distributed control method can have higher efficiency and more flexibility than the centralized algorithms [28] . Noncooperative control and cooperative control are the two most commonly employed patterns of distributed control. Some papers have studied the application of non-cooperative distributed control in vehicle control [12] , [14] . In [13] , the trajectory-planning algorithms of non-cooperative and cooperative were compared in an identical overtaking condition. The cooperative control has been employed for shared control of vehicles in some papers [29] . However, the cooperative trajectory-planning algorithms, especially algorithms considering the characteristics of human drivers, are rare to see. In [30] , a different human-like game theorybased controller was presented, which was not realized with V2V communications, and condition of driving on winding road was not discussed. More researches are still needed in this field.
In this paper, a collaboration trajectory-planning algorithm for the two connected driver-vehicle systems (DVSs) running on a winding road is presented. A DVS model is proposed to consider both the dynamic of the vehicle and the characteristics of the human driver. Since the vehicles are connected, the DVSs can interact with each other during the trajectory planning, rather than considering only own states. The cooperative game theory is introduced to build the interaction pattern of the two DVSs, and the problem of cooperative game is then solved with the theory of Pareto Optimality. The intentions of drivers and the safety requirements including collision avoidance, road-departure avoidance and vehicle stability are considered in the solution. The trajectory-planning algorithm is realized by Model Predictive Control (MPC). A non-cooperative trajectory-planning algorithm is described simply for comparison.
The main contributions of this paper are as follows. 1) The two-point driver steering model is introduced in solving the problem of trajectory-planning. 2) The V2V trajectory-planning algorithm is effective when the road is winding or straight, with the characteristics of human drivers being taken into consideration. 3) The definition of Pareto Optimality is applied to solve the cooperative game in the trajectory-planning algorithm.
The rest of this paper is organized as follows: Section II describes the driver-vehicle model and the curvilinear coordinate. Section III presents the design of the cooperative trajectory-planning algorithm, and a noncooperative trajectory-planning algorithm is introduced simply. In Section IV, the cooperative algorithm is simulated in lane-exchanging conditions with different road curvature, and simulations of cooperative algorithm and non-cooperative algorithm in an identical condition are represented for comparison. The conclusion of the paper is given in Section V.
II. DRIVER-VEHICLE MODEL
In this section, the driver-vehicle model is represented. With the driver-vehicle model, both the vehicle dynamics and the driver's characteristics can be described.
A. VEHICLE MODEL
The single-track vehicle model is employed to describe the dynamics of both of the two involved vehicles, including longitudinal, lateral, and yaw motions. The pitch, roll, and vertical motions, together with the aerodynamic of the vehicle, are neglected. The model is shown in Fig. 1 . The vehicle shape can be covered with the circles C 1 , C 2 , and C 3 , which will be introduced in detail later.
With the assumption of a small front tire steering angle δ, the dynamics of the vehicle can be described as follows [31] 
where V x and V y are the longitudinal and the lateral velocities of the vehicle respectively, and r is the yaw rate of the vehicle. F xf and F xr are the front and rear longitudinal tire forces, respectively. F yf and F yr are the front and rear lateral tire forces, respectively. m is the vehicle mass, and I z is the moment of inertia with respective to the z axis. l f and l r are the distances from the front and rear axles to the center of gravity (CG) of the vehicle, respectively. The rolling resistance of the tires are neglected in this paper, thus the relationship between longitudinal tire forces and the longitudinal acceleration/deceleration of the vehicle a x can be described as
Since vehicle control at the limits of handling is not the topic of this research, the lateral tire forces are assumed as linear functions of the tire slip angles, which can be calculated as follows
in which C f and C r are the cornering stiffness of the front and rear tires, respectively. α f and α r are the slip angles of the front and rear tires, respectively, which can be determined as
where δ is the front wheel steering angle. In order to represent the vehicle shape fast and accurately, covering the vehicle shape with an infinite number of circles is a good method [32] . These circles can be named with decomposed circles. This method has been employed in several researches [33] - [39] . In this paper, the shape of the two vehicles are covered with three circles, i.e. n cir = 3, as shown in Fig. 1 . The decomposed circles are numbered with 1, 2, and 3 from tail to head of the vehicle. The radius of the circles R cir and the distances of the centers of these circles d cir can be calculated as
in which L is the vehicle length and W is the vehicle width.
B. DRIVER MODEL
In this paper, a two-point visual driver model [40] shown in Fig. 2 is employed to describe the steering behavior of a driver when driving on a winding road. ''Two-point'' means a near point and a far point. The near point maintains the vehicle along the desired path, and the far point accounts for the upcoming road [40] . The lateral deviation of the near point e L and the angle between vehicle heading direction and the tangent line at near point ψ L can be represented as follows [40] 
in which T p is the preview time, which can be defined as T p = D far /V x . l p and D far are the distances from the driver to the near point and the far point, respectively, as can be seen in Fig. 2 . c lfn = l p /D far . In this paper, c lfn = 0.4 [40] . In recent researches, the two-point visual driver model was employed in path tracking, in which the vehicle kept tracking an existing reference path, with κ ctrl always being the curvature of the reference path. Whereas in this paper, the two-point visual driver model is employed to solve a trajectory-planning problem in which the desired path is to be determined. Here κ ctrl represents the curvature of the desired path, which is calculated by the trajectory-planning algorithm. The curvature of the desired path may not always be the curvature of the road. For example, when a vehicle is turning on a winding road, a trajectory with a curvature smaller than the curvature of the road centerline may be preferred, i.e. ''cut corner''. The driver model can be described aṡ
ψ L + x dp (5) in which x dp is a state. T d is the delay time, and a dr is a constant which is related with T d . R g is the steering ratio of the vehicle steering system. K p is the anticipatory steering gain to compensate the road curvature. K c is the compensation steering gain. τ L is the derivative time constant. K p , K c , and τ L reflect the driver's ability of controlling the vehicle, and T d reflects the physical delay of the human driver. For example, compared with a less skillful driver, a skillful driver will have larger K p , K c , and τ L , and smaller T d . More detail of the two-point visual control driver model can be seen in [40] .
C. VEHICLE POSITION REPRESENTATION IN CURVILINEAR COORDINATE
In this paper, the curvilinear coordinate [33] is employed to describe the position of the vehicles. With this method, the expression of the position of a point on a winding road can be simple, even though the shape of the road is complex.
To locate the position of a point in the curvilinear coordinate, a coordinate axis curve, which can be regarded as a curvilinear coordinate axis, is needed. The position of a point in the curvilinear coordinate is represented with two coordinates, one is σ , denoting the curve length along the coordinate axis curve of the point, and another is d r , denoting the lateral offset from the coordinate axis curve of the point. For example, in Fig. 3 , P is a moving point denoting the position of the vehicle. P st is the start position of P. At a certain moment, the projection point P can be achieved by projecting point P to the curve. The position of P at this moment can be represented with a coordinate pair (σ , d r ), in which σ is the curve length from P st to P , and d r is the distance between P and P. To achieve more detail of the curvilinear coordinate, one can refer to [33] . In this paper, the coordinate axis curve is the centerline of the road.
Remark 1: The coordinate axis curve acts as a curvilinear coordinate axis, and it is only an element of the curvilinear coordinate, not being the reference path followed by the vehicles. Thus the existence of this curve is not contradictory with the statement of ''the reference path is to be determined'' in subsection II-B.
In Fig. 2 , ψ v denotes the heading angle of the vehicle, and ψ ref denotes the angle between the tangent line at the projection point T of the vehicle and the horizontal axis. θ vr is the difference between ψ v and ψ ref , which can be regarded as the vehicle yaw angle corresponding with the coordinate axis curve. θ vr , the curve length σ , and the lateral offset d r can be calculated as follows [41] 
where ρ(σ ) represents the curvature of the coordinate axis curve. In this paper, the shape of the road is a circular arc, thus ρ (σ ) = ρ Road , in which ρ Road is the constant curvature of the road.
D. DRIVER-VEHICLE SYSTEM (DVS) MODEL
By combining (1)-(8), the driver model and the vehicle model are integrated into a whole driver-vehicle system (DVS) model, which can describe the characteristics and behaviors of both the vehicle and the driver. The framework of the DVS is shown in Fig. 4 . The DVS model can be described asẋ
in which x is the is the state vector and u is the input vector, which can be described as
In the DVS, the intentions of the driver are the control inputs, including the desired longitudinal acceleration a x and the curvature of the desired path κ ctrl . a x denotes the longitudinal control intention of the driver, and κ ctrl denotes the lateral control intention of the driver. The driver conducts maneuvers according to his or her intention, and the vehicle travels to follow the driver's commands.
Since characteristics of the human driver have been considered in the DVS, the trajectory-planning controller designed based on this DVS can also take the characteristics of human driver into consideration. In practice, with test method, the controller can obtain the characteristics of the real human driver. The controller can use the obtained data to modify the parameters of the driver model in DVS to make the trajectoryplanning algorithm more human-like.
In order to distinguish the DVSs considering drivers with different characteristics, in the following of this paper, the superscript j = p, q is used to represent the vehicles driven by two different drivers or the DVSs containing two different drivers. If j = p, thenĵ = q, and vice versa.
III. CONTROLLER DESIGN
In this section, the linear time varying (LTV) model of the V2V encountering system is represented firstly, and then the description of the safety constraints and the cooperative trajectory-planning method based on MPC are presented.
A. DISCRETIZATION AND LINEARIZATION OF THE NONLINEAR DVS MODEL
The system (9) can be discretized with a small sample time T s . Let k be the step number, then k = 0 is the current time. x k and u k indicate the state vector and input vector at kth step, respectively. With the forward difference method, the discretization of (9) can be shown as
in which x k is the difference value of state vector at time step k + 1 and at time step k. x k can be approximated with the product of the sample time and the derivative values of the states at time step k, described as
the discrete model can be shown as
In the light of [42] - [45] , the nonlinear system model (11) can be linearized to achieve a LTV system. We denote the state trajectory obtained by applying the input sequence u k ≡ u 0 to the nonlinear system (11) for k ≥ 0 with ξ k k=0 = ξ 0 using the symbol ξ k :
with this sequence, the model of one DVS can be transformed into a LTV model. More detail can be seen in [44] and [45] . The LTV model of the DVS can be shown as follows
in which
The LTV model of one DVS is described by (12) . The V2V system consists of two DVSs. By combining two LTV models (12) of DVS p and DVS q, the LTV model of V2V system can be described as follows
The state vector contains states of both DVSs. In distributed control, there is one controller in each vehicle. The states of one DVS are shared with the other DVS via V2V communication in practical application.
Remark 2: In a distributed control framework, there may be two complications. One complication arises when the systems are dynamically coupled. Another complication arises when the systems are not dynamically coupled, but their objective functions are coupled [46] . In [12] - [14] , the state vector of the two DVSs contains the longitudinal distance and lateral distance from one vehicle to the other vehicle, thus the model is dynamically coupled. In this research, since the longitudinal distance and lateral distance between the vehicles are not included in the state vector, the model is not dynamically coupled. However, the safe distance between the two vehicles is guaranteed by considering collision avoidance constraint in the objective functions of the controller, this leads to coupled objective functions for the DVSs. The constraint of collision avoidance will be introduced later in subsection III-C.
In this paper, the lateral offsets of the decomposed circles' centers are denoted with the symbols d j ri,k (i = 1, 2, 3) and the corresponding curve lengths of the decomposed circles' centers are denoted with σ j i (i = 1, 2, 3). Assuming that d j cir is very small respect to the road's curvature radius and θ j vr is a small angle [34] , d j ri,k (i = 1, 2, 3) can be shown as follows
in which l j mg is the distance from CG to the geometric center of the vehicle, i.e. center of the decomposed circle 2, as shown in Fig. 1 .
The system output y k contains the system states and the lateral offsets of the decomposed circles' centers. It can be represented as follows
in which 
C. SAFETY CONSTRAINTS IN V2V TRAJECTORY PLANNING
During the V2V trajectory planning, the safety requirements must be satisfied. The safety requirements include collision-avoidance, vehicle lateral stability, and road departure avoidance.
In V2V encountering scenario, the trajectories of the two vehicles may conflict with each other, thus collision is a potential threat. In order to avoid the collision, some appropriate actions should be taken. The potential field method has been employed in several researches of path-planning and path-following [39] , [47] , [48] . In this research, the constraint of collision avoidance is essentially described with the method of potential field, and a repulsive area is built for each vehicle.
In the design of the potential function, the distances between the centers of one vehicle's decomposed circles and VOLUME 7, 2019 the centers of the other vehicle's decomposed circles are important variables. In Cartesian coordinate, it is easy to calculate the distance between two points. However, the positions of the decomposed circles' centers are represented in curvilinear coordinate in this research. It is necessary to discuss how to convert Cartesian coordinate to curvilinear coordinate before representing the potential function.
Some researchers have proposed a numerical method named closet point method to realize this conversion [49] . A quadratic minimization and Newtown's method was used to calculate the minimum distance between the point and the coordinate axis curve [33] . Since the conversion method is not the main topic of this research, we study a simple case in which the shape of the road is a circle shaped arc. Thus the conversion from Cartesian coordinate to curvilinear coordinate can be deduced analytically.
In Fig. 5 , a point P and the road centerline are shown. In the Cartesian coordinate, the position of P is denoted with (x, y), while in the curvilinear coordinate, the position of P is denoted with (σ, d r ). R Road = 1 ρ Road is the radius of the arc of the road, and θ is the central angle corresponding with σ . It can be deduced that θ = σ R Road , sin θ = x/(R Road − d r ), and cos θ = (R Road − y)/(R Road − d r ). The conversion from Cartesian coordinate to curvilinear coordinate can be shown as follows
We quoted the potential function presented in [39] , which can be shown as
in which the potential function of the n j th decomposed circle of DVS j can be calculated as values with nˆj = 1, 2, 3. d s = R cir p + R cir q + d ccb is a safe distance, d ccb is a distance margin to guarantee safety. a 0 , b 0 and c 0 are parameters to determine the potential function. The shape of the potential function is illustrated in Fig. 6 .
In this paper, we are not going to study the situation of emergency driving, thus the lateral velocities of the vehicles will not be very large. In such a condition, when the vehicle is driven along a winding trajectory, the requirement of lateral stability can be satisfied by restraining the maximum longitudinal velocity [50] . The maximum longitudinal speed considering the road curvature can be calculated as [50] V x,k,max = λ gµ/ρ Road where V x,k,max denotes the maximum longitudinal speed, g is the acceleration of gravity and µ is the tire-road friction coefficient. We assume that the tire-road friction coefficient has been estimated with methods such as those represented in [51] - [54] . λ = 0.85 is an adjustment factor [50] .
The requirement of vehicle lateral stability at each step can be represented by a linear inequality shown as H vs,k y k ≤ G vs (18) in which
In trajectory planning of V2V encountering, both of the vehicles must not overstep the road boundaries. The constraint for avoiding road departure can be seen as an environment envelop. The principle of this constraint is to limit the lateral offsets of the centers of the decomposed circles in an interval. This method is very easy to realize even the road shape is complex. That is an advantage of employing curvilinear coordinate.
The shape of the vehicle is decomposed with three circles in this paper. None of the decomposed circles violates the boundaries of the road implies that the vehicle is kept within the road. This requirement can be converted to lower and upper boundaries of the lateral offsets of the decomposed circles. The boundaries can be shown with inequalities shown as −d r,con ≤ d j ri ≤ d r,con (i = 1, 2, 3) in which d r,con is the maximum value of the lateral offsets, with d r,con = W hl − R cir − d buff . W hl is the width of half of the road; d buff is a distance margin to guarantee safety and to meet the driver's comfort requirement. The requirement of road departure avoidance can be represented by a linear inequality constraint shown as
where
D. MPC TRAJECTORY PLANNING FOR ENCOUNTERING VEHICLES BASED ON THE COOPERATIVE GAME
By considering the safety constraints represented in section III-C and the particular driving intentions for the involved DVSs in a V2V encountering scenario, the cooperative V2V trajectory-planning problem to be solved can be formulated with an optimization problem over a receding horizon, which can be described as follows
with both DVSs are subjected to (20) and (21) are cost functions for the two players DVS p and DVS q involved in the V2V encountering game, respectively. In different V2V encountering scenarios, the intentions of the involved DVSs may be non-identical. By considering particular groups of system outputs, the control objectives for the V2V trajectory-planning in specific scenarios may be distinct. These components represent the driving intentions of the DVSs in such a scenario. η j k includes the output components selected from y k , considering the control objectives in a particular driving scenario. In this paper, these components selected from the output vector include the longitudinal velocity, the yaw angle, and the lateral offset. The output components in η j k are selected by the sparse selective matrix j η . The selective matrix can be shown as follows
obj is the objective vector for describing the intentions of the involved DVSs in a particular scenario. U j k denotes sequence of the input increments over the prediction horizon. ρ p and ρ q are the weighing parameters to adjust the weight of each player's object in the cost function, and ρ p + ρ q = 1. If the game pattern is complete cooperative, ρ p = ρ q = 0.5. By adjust the value of ρ p and ρ q , the degree of cooperation can be modified. Q j , R j , and j are weighing matrices and parameter.
The last term in (20) and (21) represents the constraint of collision avoidance, describing by the potential function shown in (17) . The distances between the decomposed circles of the two vehicles in the potential function are influenced by the positions of both vehicles, thus the cost functions containing this term is coupled, as introduced in subsection III-B.
According to [28] , in cooperative control, each player optimizes its own control input, and the cost function of each player contains the objectives of both players. This feature is corresponding with the name cooperative, meaning that each player considering not only its own objective, but also the objective of the other player. On the contrary, in noncooperative control, the cost function of each player contains only the objective of the ego player. That is the essential difference between these two control patterns. In the algorithm described in this paper, player DVS j optimizes only its own control input, without optimizing the control input of player DVSĵ. In (20) and (21), both the control objectives of DVS j (i.e. η j k ) and DVSĵ (i.e. ηˆj k ) are contained in the cost function of DVS j. It is clearly that the objectives of both players are considered in the cost function of each player. Thus the algorithm is designed with cooperative pattern.
The optimal solution of the cooperative game is Pareto Optimality, which means that an outcome of a game is optimal if and only if there is no other outcome that would make all players better off [55] . A choice which can make all the players improve their outcomes is not exist when Pareto Optimality is achieved. In other words, if a choice can improve the outcomes of some players, the outcomes of other players will be damaged consequentially and unavoidably.
In the algorithm designed in this paper, the cooperative game bargain is calculated in a cycle. After every calculation, the current cost function value of each DVS will be compared with the cost function value at the previous calculation. If the cost function values of both DVSs do not increase, i.e. keep steady or decrease, the cycle continues and the game bargain keeps on. Otherwise the situation satisfies Pareto Optimality and the optimal result is achieved.
E. A NON-COOPERATIVE ALGORITHM FOR COMPARISON
In this subsection, a non-cooperative algorithm is introduced for comparison.
In the non-cooperative algorithm, the DVS model (9), the LTV model (14) and (15) can also describe the behavior of DVS and the V2V system. In non-cooperative V2V driving, the safety requirements of collision avoidance, lateral stability and road departure avoidance (17), (18) , and (19) should also be satisfied. The cost functions of the two DVSs can be described as follows 
By comparing the cost functions of the non-cooperative algorithm (22) and (23) with those of the cooperative algorithm (20) and (21), it can be seen that for DVS j, the cost functions with the non-cooperative algorithm do not contain the term of the other DVS's objective, i.e.
Qˆj
. Without this term, player DVS j will not take the control objective of player DVSĵ into consideration. The non-cooperative control and the decentralized control are also different. The essential difference between these two patterns is that in decentralized control, no communication is needed between subsystems and the controller of each control plant works independently, with optimizing only the local objective and has no information about the actions of the other subsystems [28] . In non-cooperative control, the controllers of the subsystems will consider the influence between each other. In (22) and (23), such a consideration is reflected in the last term of the soft constraint of collision avoidance. The position change of one vehicle will influence the position of the other vehicle through the collision avoidance constraint.
In the optimization calculation, both DVSs are subjected to
which are identical with the constraints of (20) and (21) .
In non-cooperative control, the controller of one player works without the consideration of the other players' objectives. It can be inferred that the non-cooperative algorithm will show less collaboration compared with the cooperative algorithm. The control effects of these two control patterns will be compared in section IV with simulation results. The optimal solution of non-cooperative game is Nash equilibrium. The algorithm of solving such a non-cooperative problem can be seen in [12] .
IV. SIMULATION RESULTS
Some simulations are conducted to verify effectiveness and validity of the proposed algorithm with MATLAB/Simulink software. This section contains two parts: one is the simulation of V2V lane-exchange on arc shaped roads with different radius; the other is a comparison of the simulation results between the cooperative algorithm and the non-cooperative algorithm in an identical V2V lane-exchanging scenario. The two encountering DVSs are assumed to be two vehicles driven by a skillful driver p and a less skillful driver q, respectively.
A. V2V LANE-EXCHANGE ON ARC SHAPED ROADS
In this subsection, the cooperative algorithm described in this paper is employed in scenarios of lane-exchange on arc shaped roads, with the radius of the road R Road1 = 60m in Scenario 1, R Road2 = 300m in Scenario 2, and R Road3 = 20000m in Scenario 3 which can be regarded as a straight road.
Variation range of the parameters describing the characteristics of the drivers can be determined by referring to [6] , [17] , [40] , [56] . In the simulations, the parameters are set as K Table 1 and Table 2 . The parameters of the drivers and the vehicles are identical in all scenarios. The weighing matrices in (20) and (21) are determined as Q p = Q q = diag(0.001, 80, 2) and R p = R q = diag (10, 5) in Scenario 1, Q p = Q q = diag(0.001, 60, 3) and R p = R q = diag(10, 5) in Scenario 2, and Q p = Q q = diag(0.001, 30, 3) and R p = R q = diag (10, 5) in Scenario 3. The weight parameters for the collision avoidance constraint are p = q = 1 in all scenarios. The parameters of the potential function are determined as a 0 = 10 12 , b 0 = 10, and c 0 = In MPC, when length of the prediction time is fixed, the prediction can be more accurate with a smaller sample time. However, the increasing step number will cause larger computational cost. On the other hand, a larger sample time can reduce computational cost, but the system can be inaccurate. The influence of the step number of the prediction is similar. In this study, different sample time and prediction horizons have been tried in the simulation, and a proper choice is selected. The sample time T s = 0.02s in all scenarios. The prediction horizon N P = 30 in Scenario 1, and N P = 50 in both Scenario 2 and Scenario 3. A lower velocity allows a shorter prediction horizon in Scenario 1.
The initial values of ψ L and e L can be calculated as
The initial values of other states are all zero. The initial input vectors are given as Simulation results are shown in Fig. 7 to Fig. 9 . Fig. 7 describes the processes of the V2V lane-exchange scenarios on the arc shaped roads with different radius, together with the trajectories of the two vehicles in each scenario. Fig. 8 represents the variation of the minimum distance between the two vehicles' decomposed circles in each scenario. In Fig. 9 , the simulation results of several states in the selected typical example of Scenario 2 are described.
In Fig. 7 , the positions of the two vehicles are represented with the decomposed circles, together with the lane-exchange trajectory. The positions of the two vehicles at the same time step are linked by lines with double arrows. It can be seen that VOLUME 7, 2019 During the lane exchanging, both of the vehicles do not violate the road boundaries, such that the safety requirement of road departure avoidance is satisfied. On the other hand, at each time step, there are distances between the decomposed circles of each vehicle. The variation of the minimum distance between decomposed circles of the two vehicles is illustrated in Fig. 8 , where the distance is always larger than the sum of two circles' radius in all scenarios. Thus, there is no collision for the vehicles during the lane-exchange, and the collision avoidance is satisfied.
The successful lane-exchanges shown in Fig. 7 (a) and Fig. 7 (b) have verified that the proposed algorithm is effective for scenarios with different road radius. Actually, the two point driver model employed in the DVS can describe the steering behavior of driver not only on winding road but also on straight road [15] , thus the algorithm can also be employed in solving V2V trajectory-planning problems on a straight road. In Scenario 3, the radius of the road shape can be regarded as an infinite value compared with the size of the vehicles and width of the road. Thus, the road can be regarded as a straight one. The positions of the two vehicles and the lane-exchange trajectories in Scenario 3 can be seen in Fig. 7 (c) . It can be seen that both vehicles have successfully changed to the adjacent lanes, with neither road departure nor collision. Effectiveness and validity of the proposed algorithm in the situation of driving on a straight road is also verified. Scenario 2 is selected as a typical example to analysis the variation of the states during the V2V lane-exchange. In Fig. 9 (a) , the variation of lateral offset d r is depicted. At start, the two vehicles are driven at the center of their original lane, then the vehicles are moving toward their adjacent lanes respectively. Then Vehicle p changes lane ahead of Vehicle q, being coincident with Fig. 7 (b) . Finally, the two vehicles reach the center of their adjacent lanes, with steady values of d r . Fig. 9 (b) describes the variation of heading angle θ vr in the two conditions. At the beginning, θ vr = 0 for both Vehicle p and Vehicle q. During the lane change, absolute values of θ vr for the two vehicles increase, with opposite directions. The figures of θ vr for the two vehicles are not symmetric, because of the arc shape of the road. The winding road shape also influences the responses of the vehicle yaw rate r, as shown in Fig. 9 (c) , which is not identical with the result of lane change on a straight road.
The simulations of V2V lane-exchange on roads with different radius have demonstrated that the algorithm is effective when driving on either winding road or straight road. 
B. A COMPARISON OF COOPERATIVE ALGORITHM AND NON-COOPERATIVE ALGORITHM
In this subsection, the cooperative algorithm and the noncooperative algorithm described in section III are simulated in a scenario of lane-exchange on an arc shaped road with R Road = 200m. The characteristics of the two drivers, the parameters of vehicles and input limits, the initial values of the states and inputs, the weight parameters for the collision avoidance constraint, and the parameters of the potential function are all the same as those in Scenario 2 in the last subsection. The weighing matrices are determined as Q p = Q q = diag(0.001, 30, 1) and R p = R q = diag(10, 5), to guarantee that both algorithms can complete the laneexchange.
Simulation results are shown in Fig. 10 to Fig. 12 . Fig. 10 shows the processes of the V2V lane-exchange with the two control patterns, together with the trajectories of the two vehicles. Fig. 11 describes the variation of the minimum distance between the two vehicles' decomposed circles with the two control patterns. Fig. 12 represents the comparisons of the lateral offsets of the vehicles with the two control patterns.
In Fig. 10 , the positions of the two vehicles are represented with the decomposed circles. In both cooperative algorithm and non-cooperative algorithm, both Vehicle p and Vehicle q have changed to the adjacent lane successfully without road departure. Vehicle p with the skillful driver changes lane ahead of Vehicle q with the less skillful driver. The behaviors of DVS q in the two algorithms are similar.
The main difference appears in the behaviors of DVS p. In the lane-exchange, the lane change of DVS p with noncooperative algorithm is more urgently and aggressive than the lane change of DVS p with cooperative algorithm. It means that DVS p evades DVS q more initiatively and intentionally with the cooperative algorithm, in other words, more tendency of collaboration is shown. Fig. 11 represents the minimum distance between decomposed circles of the two vehicles. The distances are always larger than the sum of two circles' radius in both algorithms, thus there is no collision for the vehicles during the laneexchange. The collision avoidance is satisfied. It can be seen that the minimum distance between the decomposed circles in the cooperative algorithm is a little larger than the one in the non-cooperative algorithm. The larger distance indicates a stronger tendency of collaboration, i.e. the evasion of each other of the DVSs. Fig. 12 shows the lateral offsets d r of Vehicle p and Vehicle q in the two algorithms. The urgently and aggressive lane change of DVS p in non-cooperative algorithm can be seen clearly, with a steeper curve. With this group of weighing matrices values, the performance of tracking the reference value of d r with cooperative algorithm is not as good as that with non-cooperative algorithm, and also not as good as the that with the weighing matrices values in Scenario 2 in the last subsection with the cooperative algorithm. It also inspires us that the suitable parameters of the cooperative algorithm and the non-cooperative algorithm may be non-identical, even in an identical working condition and designed with similar system model. The parameters should be configured depending on actual conditions.
V. CONCLUSION
In this paper, a cooperative trajectory-planning algorithm for V2V vehicles considering the drivers' characteristics is proposed. This algorithm is effective when the road is either winding or straight. A non-cooperative trajectoryplanning algorithm is also presented for comparison. Simulation results in scenario of lane exchange have verified effectiveness of the proposed cooperative algorithm. Consideration of driver model in the DVS provides the algorithm of trajectory planning with characteristics of being humanlike. In V2V trajectory-planning, vehicles that equipped with cooperative algorithm collaborate with each other more actively and obviously to accomplish the task.
The algorithm is not designed for a particular V2V encountering scenario, so this algorithm has some generality and can be employed in diverse V2V trajectory planning scenarios.
